ABSTRACT Fatigue is a major challenge when moving steady-state visual evoked potential (SSVEP)-based brain-computer interfaces (BCIs) from the laboratory into real-life applications, as it leads to user's discomfort and system performance degradation. To study and eventually reduce the fatigue, the first step is to know the fatigue level for which a reliable and objective method to the assessment would be very important and helpful. This paper considers the synchronization of brain activities at multiple time scales as such a measure. Specifically, we propose an objective fatigue index based on the multi-scale entropy (MSE) of subjects' electroencephalogram (EEG) and validate it through an experimental study on 12 subjects. Main results show that the proposed fatigue index is significantly correlated with the subjective fatigue index and it can be used to distinguish the ''alert'' and ''fatigue'' states with 97% accuracy, which is significantly better than the existing fatigue indices based on different EEG spectrum, such as θ, α, and β. The proposed fatigue index would provide an assessment tool for the smart wearable BCI in real-life applications and an ergonomic evaluation method for other human-machine cooperation.
I. INTRODUCTION
Brain-computer interfaces (BCIs) can help people with severe paralysis, by detecting and decoding their brain activities, to express their intentions or control external devices [1] , [2] . Among various types of non-invasive BCIs, the steady-state visual evoked potential (SSVEP) based BCIs have attracted extensive attention in recent years because of their high signal to noise ratio (SNR), high information transfer rate (ITR) and little user training [3] - [6] . It has been widely applied in healthcare of disabled people, such as wheelchair control and prostheses manipulating in recent years [4] .
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Nevertheless, a major challenge in moving SSVEP-based BCIs from laboratory into real-life applications is that the user may suffer from the fatigue induced by flickering stimuli. In an SSVEP-based BCI, a user needs to keep focusing on the visual stimuli in order to evoke the SSVEP signals with high SNR. Unfortunately, excessive concentration or intense stimulation can easily induce fatigue [7] , which is a hazard to health as it brings symptoms like visual discomfort, tiredness, drowsiness, headache and so on [8] - [10] . In addition, the user's ability of focusing on mental tasks declines as his/her fatigue level increases. Therefore, the user's performance in using an SSVEP-based BCI also declines [11] , [12] , due to the fact that the performance relies highly on the user's attention on the visual task [13] . To sum up, when a user feels fatigue, he/she could not keep sustain attention on the visual stimuli, and thus his/her BCI performance will significantly decline. Hence, how to evaluate and alleviate the user's fatigue have attracted much interest among the community. In the literature, various approaches have been developed to alleviate the user's fatigue [14] - [17] . For example, the visual stimuli with some special patterns are introduced to alleviate the fatigue, such as the high frequency stimuli [14] , the high duty cycle stimuli [15] , the image based stimuli [16] , and the amplitude modulation based stimuli [17] . Nevertheless, before any fatigue alleviation, how to evaluate the user's fatigue reliably and accurately should be always the first crucial step.
In the literature, the most popular way for fatigue evaluation is to use the subjective fatigue scales. For instance, Trudie Chalder proposed a fatigue scale consisting of 11 or 14 questions, which could be answered with Likert scoring [18] . Although this subjective self-report questionnaire was shown to be valid and has been widely adopted in fatigue evaluation [19] , [20] , there are several serious limitations. The study [21] reported that the subjects might have figured out the intentions behind the questions and gave answers that they thought the researchers wanted. Furthermore, the subjective fatigue scales are not suitable for online BCI applications because it is unrealistic to ask a user to answer the questionnaire periodically when he/she is using a BCI. Consequently, the subjective fatigue scales could be inconvenient or even infeasible for fatigue evaluation in BCI applications.
Compared to subjective fatigue scales, the fatigue indices based on physiologic signals appear much more objective and suitable for BCI applications. The rationale behind is that fatigue has impact on physiologic signals like electroencephalogram (EEG), electrocardiogram (ECG), electromyogram (EMG), heart rate, body temperature and so on. Among different types of physiologic signals, EEG has been suggested to be the most promising indicator of fatigue [22] , [23] . The EEG spectrum analysis based objective fatigue indicators were proven to be feasible for the evaluation of fatigue in driving [22] - [25] , as well as visual fatigue when watching 3D TV [21] , [26] , [27] . In [28] , an objective method based on the spectrum analysis of EEG was introduced to evaluate the user's fatigue when using an SSVEP-based BCI. Unfortunately, it is noticed that the behaviors of the power spectrum analysis based indices vary across different studies. In particular, the theta, alpha and beta frequency bands showed different behaviors in different studies when the subjects' fatigue level increased, as summarized in Table 1 .
The reason for this phenomenon is still unclear. We speculate that the frequency ranges of theta, alpha, and beta are subject-specific. For this reason, if a fatigue indicator can consider different EEG rhythms simultaneously it could provide the relatively reliable performance. In general, the EEG rhythm changes with different mental or physiological states of brain cortex. The rhythm with high amplitude and low frequency appears when a large number of neurons in brain cortex tend to have uniform pace of electrical activities and is known as synchronization [33] . The rhythm with low amplitude and high frequency on the other hand appears when the electrical activities of many neurons tend to be non-uniform and is known as de-synchronization. Generally, the synchronization indicates idling or resting stage of brain cortex, while de-synchronization indicates increased activation [32] - [34] .
When the brain is in fatigue state, its ability of processing complex information declines, and the richness of information contained in the EEG signal also declines. From the perspective of information theory, such richness can be measured by entropy, which is an indicator of the average uncertainty of signals [35] , [36] . A typical case of low entropy is a regular pace. When more and more neurons act in regular paces, uniform paces of electrical activities could be observed, which can be also considered as 'synchronization'. Therefore, the entropy of EEG signal could be a way to evaluate the fatigue. Various measures based on entropy, such as the sample entropy, have been applied as fatigue indicators in many studies [33] , [35] , [37] - [39] . However, the sample entropy can only evaluate the complexity of the EEG signal in only one time scale (or within the specified frequency range), which implies that some meaningful information related to fatigue level in different time scales (or within the other frequency ranges) will be neglected, and thus the fatigue index based on sample entropy may not provide the optimal performance. To solve this issue, the study [34] proposed a fatigue index based on various entropy measures in multiple time scales using the wavelet analysis. In additional to the wavelet analysis, the multi-scale entropy (MSE) was also proposed in [40] to analyze the signal in multiple time scales. Results showed that the MSE involving the coarse grain process can have a good ability against the white noise or many artifacts [40] , [41] . This inspired us to apply MSE to the analysis of EEG signals in multiple time scales in order to achieve the relatively reliable fatigue evaluation in SSVEP-based BCIs.
In this study, we introduce a fatigue evaluation index based on the MSE to analyze the user's EEG signals to evaluate his/her fatigue level in our SSVEP-based BCI experiment. Moreover, we investigate the performance difference between the MSE and the existing fatigue evaluation indices, e.g., the subjective fatigue index and the EEG-based fatigue indices. Results showed that the proposed fatigue index is significantly correlated with the subjective fatigue index and it can be identified as the ''alert'' and ''fatigue'' states with 97%, which is higher than the other EEG-based fatigue indices.
II. METHODS AND MATERIALS

A. MSE FATIGUE INDEX
In this subsection, the MSE fatigue index is introduced. Based on [40] , [41] , the MSE involves two computations: i) coarse grain process, and ii) sample entropy, which are introduced in the following parts.
1) COARSE GRAIN PROCESS
Given the time series X = {x 1 , x 2 , · · · , x n }, the corresponding coarse-grained time series Y τ = {y 1 , y 2 , · · · , y k } can be yielded by the following coarse grain process,
Clearly, y j is the average of τ consecutive elements in X within a sliding window. In addition, the window slides forward by τ points every time, thus k × τ ≤ n. In practice, τ is termed as the scale factor. The time series X can be transformed into different time series Y τ with different time scales through the coarse grain process.
2) SAMPLE ENTROPY
Let X = {x 1 , x 2 , · · · , x n } present a time series with the length n and X m (i) = {x i , x i+1 , · · · , x i+m−1 } the time series with the length m taken from X, where m < n. The distance d between two segmented time series X m (i) and X m (j) is defined as:
where
] is more than the pre-defined threshold (denoted by r) and B how many dis-
] is more than r. Finally, the sample entropy (or SampEn) of X is defined as
When B = A, it means that the (m + 1)-th point can be predicted by the previous m points. Hence, X is predictable and contains nearly no information, i.e., SampEn(X)=0, as the (m + 1)-th point can be predicted by the previous m points. When B < A, SampEn(X) > 0. Larger SampEn(X) indicates that more information is possibly contained in the time series X. In ideal case, when the brain's activity is suppressed due to fatigue, the corresponding sample entropy will decline [39] .
The parameter m determines what time scale of the time series the sample entropy measures. Empirically, m sets to 2 in most studies. However, this choice may be not appropriate for the fatigue evaluation based on the EEG signal. When m = 2, it means that the sample entropy only evaluates the complexity of the EEG signal within a very short time interval (i.e., corresponding to very high frequency band). According to [24] - [32] , the fatigue evaluation should be associated with theta, alpha, and beta frequency bands, e.g, from 4 to 30 Hz. In order to let sample entropy cover the low frequency band, we should set a relatively large m. Nevertheless, the sample entropy can work only within a narrow frequency band, and thus may not perform well in the fatigue evaluation.
3) MULTI-SCALE ENTROPY
Like in the sample entropy, the time series Y τ is segmented into many short time series, i.e., Y τ,
is more than the pre-defined r. Finally, the SampEn of Y τ can be calculated by using (3), which is named as the multi-scale entropy (MSE). Therefore, the difference between the MSE and the SampEn lies in the ''coarse grain'' process. The SampEn is a special case of the MSE when τ = 1, i.e., SampEn(Y 1 ) =SampEn(X).
For objective fatigue evaluation, we introduce the following MSE-based fatigue index,
where τ 1 and τ 2 define the range of the scale factors (1 ≤ τ 1 ≤ τ 2 ≤ τ ). These two parameters could be determined in our experiment study, see Section III A. For convenience, we call it as the ''MSE index'' in this paper.
B. EXPERIMENT DESIGN 1) SUBJECTS
Twelve subjects (10 males, aged 21 -29 years, mean age: 24.0 ± 1.9 years) with normal or corrected-to-normal vision (i.e., s1, s2, · · · , and s12) participated into this experiment. All subjects had no history of psychiatric/neurological disorders and no addiction to drugs or alcohol. Before the experiment, they signed an informed consent to confirm that they know the experimental procedure and they are free to stop their participations at any time.
2) SSVEP-BASED BCI EXPERIMENT
An SSVEP-based BCI experiment was designed in order to explore the performance of the proposed objective fatigue index. Subjects were required to stare at one single flashing stimulus displayed on the center of a LCD screen. Before the stimulus was displayed, a ''+'' was shown on the screen to help the subject focusing on the stimulus. The visual stimuli were displayed by a LCD screen with a refreshing rate of 120 Hz and pixel resolution of 1680×1050. The stimulus was a 120×120 pixel white square on black background. The duty cycle of the stimuli was 50 percent. The whole process of the experiment was monitored to make sure that the subject minimized their movement and focused on the task. The experiment consisted of six independent blocks. In each block, a single visual stimulus with one flickering frequency was displayed to the subject in order to elicit SSVEP signals. Many studies [16] , [17] reported that different stimulus frequencies have different impacts on users' fatigue level. This design considered six stimulus frequencies: 8 Hz, 10 Hz, 12 Hz, 15 Hz, 20 Hz, and 30 Hz, which can cover the range of the popular stimulus frequencies. Their orders in the six blocks were arranged as 8 Hz, 10 Hz, 12 Hz, 15 Hz, 20 Hz, and 30 Hz, respectively. Each block consisted of 30 trials and each trial was composed by 3 seconds long stimulation followed by a 3 seconds long rest. The total length of one block was therefore 180 seconds. The 3 seconds long stimulation in the trials was called stimulation interval, and the 3 seconds long rest was called rest interval. The total length of each stage (including stimulation and rest intervals) was 30 seconds.
The experiment took placed in an ordinary office. The subjects were sitting in a comfortable chair during the experiment and they were asked to minimize the body movement including eye blinking. There was no intense light or loud noise on site. All subjects finished the experiment successfully without suffering from any unbearable fatigue or discomfort in body or mind. Each subject participated into 6 blocks of experiment. He/She answered a fatigue questionnaire before and after each block, in order to assess his/her subjective fatigue level. In addition, the subjects had a few minutes time to take a break between blocks, until they felt refreshed and were ready for the next block. Finally, we recorded 72 sets of data from 12 subjects in total.
3) EEG MEASUREMENT
During the experiment, the subject's EEG signals were recorded through the electrodes Pz and Oz placed in the international 10 -20 montage system. The EEG signal was amplified through an amplifier (g.USBamp, Guger Technologies, Graz, Austria). A 50Hz notch filter as well as a 0.5 -60 Hz band-pass filter was applied to remove the noises. The reference was placed at left ear lobe, and the ground was placed at forehead. The sample frequency was 600 Hz. The ranges of the frequency bands were chosen as δ (0.5-4 Hz), θ (4-8 Hz), α (8-13 Hz) and β (13-30 Hz). The EEG in δ band was not included in this study as it is often overlapped with artifacts [25] , [28] .
In this study, we only show the fatigue indices based on the single-channel EEG data from Oz as the fatigue indices based on the single-channel EEG data from Pz are not sensitive to the fatigue change. More details can be referred to Section IV.
4) SUBJECTIVE FATIGUE LEVEL MEASUREMENT
The subjective fatigue questionnaire consists of seven questions:
1) Do you feel eyestrain? 2) Do you feel blurry? 3) Do you feel fatigue in eyes? 4) Do you feel sleepy? 5) Do you have difficulties in keeping eyes open? 6) Do you have difficulties in concentrating? 7) Do you have difficulties in thinking clearly? In order to prevent that the subjects' fatigue level change while answering the questionnaires, we chose a fatigue scale which is reported to be both short and reliable [18] . This questionnaire is a polished Chalder's scale. The original structure and scoring system were applied while some questions were changed to adapt the current situation. The questions could be answered with scores from 1 for ''no fatigue at all'' to 4 for ''very much fatigue''. Hence, the minimum (or maximum) score for each fatigue questionnaire is 7 (or 28). The subject's fatigue change after each block is evaluated by the difference between two fatigue scores corresponding to the questionnaires at the beginning and the end of each block. Such a difference ranges from -21 to 21 theoretically. The value 0 means that the subject felt no fatigue change. The value 21 (or -21) indicates a maximum subjective fatigue increase (or decrease). All the scores are integer numbers. In this offline data analysis, 11 fatigue indices based on EEG signal, such as the MSE index, the SSVEP SNR, θ , α, β, θ/α, θ/β, α/β, (θ + α)/β, (θ + α), and (θ + α + β), are calculated to evaluate the subject's fatigue level.
The MSE index is calculated by using (1)- (4), in which n = 9000, m = 2, τ 1 = 11, τ 2 = 20, and r = 0.2 × σ (σ is the standard deviation of X). The SSVEP SNR is defined by the ratio of the EEG amplitude at stimulus frequency (or SSVEP signal) to the EEG amplitudes surrounding the stimulus frequency (or noise) [46] , as described by
where n f = 10, z(f ) is the spectral of SSVEP signal calculated by Fast Fourier Transformation (FFT), f is the stimulus frequency, and |z(f )| denotes the SSVEP signal amplitude. For the spectrum analysis-based indices, they are calculated by
where {f 1 , f 2 } = {4, 8} for θ band, {f 1 , f 2 } = {8, 13} for α band, and {f 1 , f 2 } = {13, 30} for β band. In order to minimize the influence of the SSVEP amplitude, a notch filter is applied to suppress the EEG amplitude at the stimulus frequencies. Then the indices θ/α, θ/β, α/β, (θ + α)/β, (θ + α), and (θ + α + β) can be also obtained.
2) ALERT AND FATIGUE STATE
First, we assume that the fatigue indices, i.e., the subjective fatigue score and the SSVEP SNR, should be the ground truth. Second, we assume that the EEG-based fatigue indices in Stage 1 are labeled as ''alert'' and Stage 6 as ''fatigue'', respectively. Specially, the subjective fatigue scores obtained before each block are labeled as ''alert'' state and after each block as ''fatigue'' state, respectively. Besides, the differences between the fatigue indices corresponding to ''alert'' and ''fatigue'' states are regarded as the change of objective fatigue level. Specifically, in the experiment we collected 72 pairs of subjective fatigue scores across 12 subjects and 6 blocks, in which each pair of subjective fatigue scores is corresponding to the questionnaires before and after each block.
3) STATISTICAL ANALYSIS
All the fatigue indices are analyzed by using the software SPSS for statistical analysis. The normal distribution of all the data is confirmed by QQ-plot in SPSS. Paired sample t-test is applied in order to explore whether the fatigue indices have significant change between ''alert'' and ''fatigue'' states. Moreover, the Pearson correlation is applied to explore the relationship between the proposed fatigue indices and the existing fatigue indices.
III. RESULTS
A. MSE WITH DIFFERENT SCALE FACTORS
In Fig. 1 , we calculated the MSE with different scale factors (τ from 1 to 20). First, it can be found that an increasing trend of the MSEs for each stage can be observed when τ increases. Particularly, when τ > 10 it may reach a relatively stable state. Second, a decreasing trend of the MSEs for each scale factor can be observed under 6 different stages. In addition, the differences between the MSEs corresponding to different stages become large when τ > 10. Hence, we set τ 1 = 11 and τ 2 = 20 for the proposed MSE index in (4). 
B. FATIGUE INDICES IN ALERT AND FATIGUE STATE
In the following, we explore the proposed MSE index, the subjective fatigue score, and the SSVEP SNR in ''alert'' state and ''fatigue'' state, respectively. First, paired sample t-test results indicate that there is a significant positive change between the subjective fatigue scores in ''alert'' and ''fatigue'' states with p < 0.001. The normal distribution of fatigue scores is confirmed by Q-Q plot test in SPSS. Fig. 2 shows the comparison between the subjective fatigue scores in ''alert'' and ''fatigue'' states. The statistical test shows that the fatigue score significantly increases. More detailed results about the subjective fatigue scores are presented in Table 2 . Moreover, we also test whether there is significant difference between the subjective fatigue scores in 6 ''alert'' states by using the one-way ANOVA and Tukey post-hoc test. Results show that they have no significant difference, which indicates that the subjects could refresh from fatigue after the short time rest between blocks. Second, the SSVEP SNRs in ''alert'' state (i.e., Stage 1) and ''fatigue'' state (i.e., Stage 6) show significant difference. Specifically, the average SNR (Mean±Standard error) in ''alert'' state is 3.39±0.56 and ''fatigue'' state is 2.56±0.26, respectively. Paired sample t test shows that the average SNRs in ''alert'' state and ''fatigue'' state have significant difference (p < 0.001). Similar to the subjective fatigue score, there is no significant difference between the SNRs in 6 ''alert'' states corresponding to 6 blocks.
Third, the MSE indices in ''alert'' state and ''fatigue'' state are calculated and plotted in Fig. 2 . Paired sample t-test results indicate that they have the significant difference (p < 0.001). This proves that the proposed MSE index decreases significantly in ''fatigue'' state. In addition, there is no significant difference between the MSE indices in 6 ''alert'' states corresponding to 6 blocks, which is consistent with the above results. The changes of the fatigue indices between ''alert'' and ''fatigue'' states may be used to quantify the subject's fatigue level. Here we explore how stimulus frequency affects the fatigue level. First, the fatigue indices are divided into 6 groups based on 6 different frequencies. Then the differences (or changes) between ''alert'' and ''fatigue'' states are calculated and a paired sample t-test is applied to study their changes, respectively, see Fig. 3 and Table 3 . From Fig. 3 , it seems that the stimulus at 12Hz could lead to large increase in the subjective fatigue score and the stimulus at 10Hz could lead to large decrease in the MSE index. It seems that the stimuli from 8Hz to 15Hz could lead to the large decrease in the SNR. Table 3 shows that the subjective fatigue scores in all 6 groups have significant changes (i.e., increases), respectively. In addition, the MSE indices in all 6 groups also have significant changes (i.e., decreases), respectively. The SNRs in frequency groups of 12Hz and 20Hz do not have significant changes. Nevertheless, the one-way ANOVA test and the Tukey post-hoc test reveal that the factor of 'stimulus frequency' does not significantly affect the changes of the subjective fatigue score, SNR, and MSE index, respectively, which may be likely inconsistent with the findings in [14] . More discussion can be found in Section IV.
Finally, the correlations between the changes of the three fatigue indices are plotted in three subfigures in Fig. 4 . The blue circles denote the changes corresponding to different subjects and different stimulus frequencies. The red dotted lines denote the fitting lines. It can be found that they are significantly correlated with each other. All the above results reveal that the proposed MSE index highly associates with the subjective fatigue scores and the SNRs. Fig. 5 shows that different fatigue indices (including the MSE index, SSVEP SNR, θ , α, β, θ/α, θ/β, α/β, (θ + α)/β, (θ + α), and (θ + α + β)) in 6 different stages (in different colors), respectively, in which each fatigue index is calculated by averaging the values across different subjects and stimulus frequencies. It can be found that the fatigue index monotonously increases (or decreases) over different stages. This phenomenon could support the assumption that the subject's fatigue level may be accumulated over the time. In particular, Fig. 6 shows all subjects' average MSE indices across different stimulus frequencies as well as the grand average MSE indices in 6 different stages (in black solid line). Each subject's average MSE index appears the similar trend.
C. FATIGUE INDICES IN DIFFERENT STAGES
In addition, Table 4 shows the correlation between the fatigue indices and the subjective fatigue scores (or the SNR). Apparently, only the MSE index has the significant correlation with the subjective fatigue score and the SNR when compared to the other EEG-based fatigue indices, i.e., θ , α, β, θ/α, θ/β, α/β, (θ + α)/β, (θ + α), and (θ + α + β). This may suggest that the MSE index is the most suitable fatigue indicator as it can reflect the changes of the subjective fatigue score and the objective SNR simultaneously among them.
D. CLASSIFICATION OF ALERT AND FATIGUE STATE
As stated in Section II C, the EEG-based fatigue indices in Stage 1 are labeled as ''alert'' and in Stage 6 as ''fatigue''. On this basis, a support vector machine (SVM) classifier (with radial basis function (RBF) kernel) is employed to classify these two-class EEG-based fatigue indices. To assess the general classification performance, a 10-fold cross validation scheme is applied, i.e., 90% of the fatigue indices for training and 10% for testing in each fold. The results are presented in Table 4 . It can be observed that the fatigue indices based on (θ + α + β) and MSE can lead to over 90 % classification accuracy, respectively. Furthermore, the MSE index can achieve the highest accuracy among them.
IV. DISCUSSION
According to the presented results, all the EEG-based fatigue indices can detect that there is significant difference of the subject's EEG signals between the ''alert'' state and ''fatigue'' state. In addition, such a difference may be accumulated over the time, see Fig. 5 . Among them, the MSE index shows the highest classification accuracy, see Table 4 . Moreover, the MSE index is the only index that can significantly correlate with the subjective fatigue score and the SNR, see Table 4 . To sum up, it would be promising to employ the proposed MSE index as an objective fatigue index in a practical SSVEP-based BCI application. It is well-known that the subjective fatigue score is not usable in an online application. Although the SNR index may provide the similar performance as the MSE index, the main disadvantage of the SNR is that we need to know the stimulus frequency to calculate the SNR index, see (5) . In a practical application, the stimulus frequency is unknown and is detected by frequency recognition algorithm in the SSVEP-based BCI. This implies that the SNR index may be inaccurate if the frequency recognition accuracy is not good. In contrast, we do not need to know the stimulus frequency to calculate the MSE index.
Some previous studies reported that the stimulus frequency selected within α frequency band (e.g., around 12 Hz) could usually evoke the SSVEPs with high SNR but also induce the high subject's fatigue [45] , [46] . In addition, several studies reported that the high stimulus frequency can effectively reduce the subject's fatigue [14] . It would be speculated that low (or high) stimulus frequency could induce high (or low) fatigue level, or even different stimulus frequencies could induce different fatigue levels. However, in our experiment results the stimulus frequency does not significantly affect the changes of the subjective fatigue score, the SNR, and the MSE index, respectively. This should be explained by two possible reasons. i) There is only one high stimulus frequency in our experiment, i.e., 30 Hz. Our results merely indicate that low or medium stimulus frequency does not significantly affect the changes of the fatigue score, the SNR, and the MSE index, respectively. To verify this point, we compare the difference between the changes of the fatigue indices corresponding to 30Hz and less than 30Hz, see Table 5 . It can be found that the changes of the subjective fatigue score corresponding to 30Hz is significantly less than the others. The changes of the MSE index corresponding to 30Hz is only significantly less than 10Hz. The changes of the SNR corresponding to 30Hz is similar to the others. ii) The existing EEG-based fatigue indices might be not sensitive to the frequency. Further investigation would be required in the future.
Although the conventional entropy-based methods can describe how active the physiological signals are, they are too sensitive to the high frequency bands. The MSE index could suppress the high frequency bands and focus on the relatively low frequency bands that are more sensitive to fatigue because of the coarse grain process in the MSE (1) . As introduced in [47] , the function of the coarse grain process can be considered as moving average and down sampling, in which τ can be considered as the sliding window length and down sampling rate, respectively, in (1) . First, the impulse response of the moving average is:
Its corresponding frequency response is
f τ 2fs
where j = √ −1 and f s is sampling frequency. Therefore its -3dB cut-off frequency f co can be estimated as
Second, f s /τ > 2f co should be held to avoid the aliasing problem, namely, f s /τ > 2 × 0.442947 × f s / √ τ 2 − 1 and then τ > 2.157. To sum up, the coarse grain process can be considered as the low-pass filtering with the cut off frequency f co . Fig. 7 illustrates the relationship between the cut-off frequency f co and the scale factor τ . In Fig. 1 , it could be found that the MSE values tend to steady when τ > 10.
In addition, the MSE values across stages have a clear difference when τ > 10. These results imply that the low frequency components of the subject's EEG signals are more sensitive to his/her fatigue level in SSVEP-based BCIs, which is consistent with the existing findings in many studies that the relatively lower frequency bands such as θ , α, and β are more likely to associate with fatigue [21] , [23] - [32] .
The EEG signal from the electrode Pz is also widely applied in fatigue evaluation, nevertheless, in this study the fatigue indices calculated from Pz did not show significant difference between the ''alert'' and the ''fatigue'' states. Specifically, the mean difference of the SNRs between the ''alert'' and the ''fatigue'' states is −0.08 ± 0.05, which is not significant (p = 0.11). The mean difference of the MSE indices is −0.03 ± 0.09, which is also not significant (p = 0.71). A possible reason may lie in the fact that the visual cortex is located in the occipital area while the parietal area usually associates with task difficulty, working memory or cognitive performance [49] - [51] . We speculate that the users' fatigue induced in this experiment is mainly visual fatigue, thus the fatigue indices calculated from Oz seems more appropriate than that from Pz.
In the experiment, the order of stimulus frequencies presented to all the subjects is the same. This setting is based on two reasons. On one hand, we wanted to explore the relationship between MSE index and fatigue level. The stimulus frequencies only affect the degree of fatigue, not the relationship, thus the frequencies or the order of them is not important for the study. Furthermore, we made sure that the subjects' fatigue level did not have significant differences at the beginning of all the six blocks, so that the subjects' fatigue change within each block is not affected by the order of stimulus frequencies. On one hand, we arranged enough time between blocks for the subjects to refresh from the task. On the other hand, both the subjective fatigue scores in the pre-block and the SNR in Stage 1 were checked and no significant difference inter blocks were found. By applying both methods, we are confident that the order does not affect the fatigue change within each block.
In this study, the MSE of the single-channel EEG signal is used for objective fatigue evaluation in SSVEP-based BCI. It will be possibly extended to multi-channel EEG case by using multivariate-MSE [48] in the future. Besides, a quantitative fatigue rating based on the MSE index will be explored.
Two phenomena may support the possibility of establishing a quantitative fatigue rating based on the MSE index. They are the correlation between the MSE index and the SNR/fatigue scores which is presented in Fig. 4 / Table 4 as well as the MSE index change associating with time on task, which is presented in Fig. 6 . Nevertheless, there are still some major difficulties. For example, large individual differences could be observed from both Fig. 4 and 6 , the habit of answering questionnaires varies among subjects, some subjects have much higher SNR compared to others, and so on. Due to limited number of data, additional experiment is required for this purpose.
V. CONCLUSION
This study proposes a MSE-based fatigue index for objective fatigue evaluation in SSVEP-based BCI. According to the results, the MSE index is found associated with the subjective fatigue score and the SNR. Moreover, the MSE index shows better performance in distinguishing between alert and fatigue states when compared to the existing EEG-based fatigue indices. Consequently, we recognize that the MSE index is suitable for the objective fatigue evaluation in using an SSVEP-based BCI. Moreover, the proposed fatigue index can be used for ergonomic evaluation of various BCIs and human-machine interfaces, as well as online monitoring of smart wearable device for healthcare. 
